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Abstract 
Short-term traffic flow forecasting for junction of isomerism road network which consists of freeway network and 
urban road network, is the key technology of traffic management and intelligent control. Real-time and reliability of 
short-term traffic flow forecasting is directly related to traffic management and collaborative control. There are 
various methods that have been established to forecast traffic flow, but most of the forecasting models are 
constructed according to analysis of the historical and current traffic flow series in selected sections or crossings, 
without considering the dynamic information of related traffic network. According to the traffic flow characters of 
junction of isomerism road network system, the paper analyzes the relationship between the traffic flow of a certain 
section with other section’s flow, and calculates the dynamic correlation coefficient. Following, the paper selects 
input variables, and establishes the Radial Basic Function (RBF) neural network model for prediction on the basis of 
dynamic correlation coefficient. Finally, the paper takes the G2 freeway and Beijing road network that consists of 
the junction of isomerism road network as an example to forecast the short-term traffic flow. The result of 
forecasting is very accurate, and the relative errors are within the 15%. It indicates that the model could be used to 
forecast the short-term traffic flow for junction of isomerism road network system. 
 
© 2014 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of Beijing Jiaotong University (BJU), Systems Engineering Society of China (SESC). 
Keywords: Freeway network; Urban Road network; Junction of Isomerism Road Network; Dynamic Correlation coefficient; Radial Basic 
Function Neural Network  
 
* Corresponding author. Tel.: +86-(0)10-5168-7146; Fax: 010-5168-7146. 
E-mail address: yhjia@bjtu.edu.cn. 
© 2014 Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/3.0/).
Peer-review under responsibility of Beijing Jiaotong University(BJU), Systems Engineering Society of China (SESC).
447 Liang-liang Zhang et al. /  Procedia - Social and Behavioral Sciences  138 ( 2014 )  446 – 451 
1. Introduction 
With the expansion of urban, increasing the economic ties between the rural and urban, as well as the amount of 
motor vehicle ownerships, some of the freeways which are mainly used for median-and-long transportation tasks, 
have taken a large number of suburbs, commuter and other transportation tasks. In this case, the junction of 
isomerism road network has taken a lot of traffic conversion demands from freeways to urban road network or from 
urban road network to freeways. As a result, the junction of isomerism road network system causes congestion 
frequently, and especially affects efficiency of the whole network. Therefore, real-time and reliability of short-term 
traffic flow forecasting is directly related to traffic management and collaborative control. 
So far, there are many kinds of forecasting methods, including time series model, neural network method and so 
on, and some of them have been applied successfully to achieve short-term traffic flow forecasting. Now, linear and 
nonlinear predictive models which include time series model, nonparametric regression model, neural network 
prediction method, support vector machine method, Kaman filtering method, the combination of forecasting 
methods based on Bayesian and so on. Xie et al. (2011) proposed a polynomial distributed lags model for short-term 
traffic forecasting. Li and Liu (2012) proposed an improved prediction method of optimized BP neural network 
based on modified particle swarm optimization algorithm to predicate the short-term traffic flow. Kuang and Huang 
(2004) established RBF neural network method for short-term traffic flow prediction. Zhou and Jia (2012) used RBF 
neural network method and forecasted short-term flow of the urbanized section of a freeway. Li et al. (2013) 
established combination of predictive models for short-term traffic flow prediction. More recently Wang et al. (2012) 
put forward a new method called improved Bayesian combined model to forecast the short-term traffic flow based 
on the improvement of the traditional Bayesian combined model and this model was more sensitive to the accuracy 
of each basic prediction mode1. In recent years, Xia et al. (2011) considered the spatial information of related traffic 
network, and consider much spatial-temporal information such as spatial connectivity of the traffic network and time 
latency of traffic flow series, and got more accurate results. In fact, most of them mainly focus on the time series 
which reflects trends and coherence of themselves. Although some papers consider spatial-temporal correlation, 
they think the correlation coefficient is static. 
Therefore, according to the spatial distance and the traffic conditions between different sections, the paper 
calculates time latency of traffic flow series, and analyzes the dynamic correlation coefficient of traffic flow. Then 
the paper calculates the correlation coefficient, makes sure the input and output variables, and establishes the RBF 
neural network model to forecast short-term traffic flow for junction of isomerism road network. 
2. Dynamic correlation analysis for traffic flow 
Correlation analysis is what measures the time series’ correlation of itself, and finds out the interior rules. Take 
the time series ^ `1,2, ,tX x t n  as an example, the time series’ correlation means that the value of time series 
at time t is relevant to the value before time t. Dynamic correlation is what researches the time series’ correlation 
changes as the time changes. In other words, dynamic correlation coefficient is changing as time changes, and the 
coefficient could find out rules objectively.  
The sections of junction of isomerism road network system could be directly or through other sections connected. 
Although the traffic flow of a section is relevant to others’, the correlation is different because of the distance 
between the different sections, as well as the location of the section. In junction of isomerism road network, the 
upstream section of the traffic flow will directly affect the downstream section of the traffic flow, and the influence 
delays. In other words, the upstream sections of traffic flow have to take time when they reach the downstream 
sections, and have a effect on downstream section.  
Therefore, based on the basic principles of the time series correlation, the basic idea that calculates the dynamic 
correlation coefficient is relative to the traffic flow characteristics of the spatial-temporal, and the distance of the 
different sections and so on. The calculation formula is as follows: 
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Where: ijU represents the correlation coefficient between i-th section and j-th section;  ix t and  jx m  are the traffic 
flow value in time m and t respectively; ( )ix t  is a average from 1st to n-th; t'  represents a time interval that xj 
section’ traffic flow has influence to xi  section’ traffic flow, and its formula is
Ld
V
 , where L is the distance 
between the two sections, V is the traffic running speed. 
3. Short-term Traffic Flow Forecasting based on Dynamic Correlation 
3.1. RBF Neural Network Model 
Although the dynamic correlation analysis can effectively select the model predictors, the interaction between the 
various predictors often has nonlinear characteristics. Finally, the paper establishes RBF neural network model for 
short-term traffic flow forecasting in order to promote the forecasting’ accuracy (see, Zhou et al., 2012; Wang et al., 
2012; Zhang et al., 2007). RBF neural network is a feed forward neural network, and uses linear optimization 
strategies. The role of RBF neural network is local, and it has a higher approximation and learning ability than other 
neural network. 
The network structure of RBF neural network has three layers, including the input layer, hidden layer and output 
layer. Its hidden layer contains a series of radial basis function, and its basis functions commonly use Gaussian 
function.  
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Where: μi is the i-th hidden layer node’s output; x is the input vector; ci is the kernel branch of the Gaussian function 
kernel branch, and it has the same dimension vector as x; σi is normalization constant, it decides width of the 
function; m is nodes of hidden layer. 
The output of RBF network is a linear combination which is decided by the hidden nodes, and it can achieve 
linear mapping from U to Y: 
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Where: i1 i2 im(ω ,ω , ,ω , )jW T  , 1 2 m(μ ,μ , ,μ ,1)U  , p is the number of output node, the correction of the 
connection weights is still using BP algorithm. 
U is a Gaussian function which causes 0iP !  for any x, and loses the advantages of partial adjustment weights. 
In fact, when x is largely different from ci, μi is very small and can take as zero. Therefore, when μi is more largely 
than a certain value, the method corrects the weight of ωik. 
3.2.  Establish Forecasting Model 
RBF neural network consists of three layers: input layer, hidden layer and output layer (its topology is shown in 
Fig. 1. The input layer passes the variables to the hidden layer, and then the hidden layer function uses a fixed non-
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linear change in order to map input variable to a new space. The output layer nodes usually achieve simple linear 
transfer function, and implement on a linear weighted combination in a new space. 
In the process of forecasting, the paper considers the upstream segment, and the associated sections that have 
impact on the predicted results. According to the dynamic correlation calculations, the paper determines the input 
layer nodes. Following the paper chooses the related sections which have great coefficient value as input variables, 
and takes the forecasting section as output variable. Then the paper establishes the RBF neural network prediction 
model to achieve the forecasting work. 
 
Input layer Output layerHidden layer
X1
Xn
Y1
Ym  
Fig. 1. RBF neural network topology 
4. Computational Experiments 
The paper takes junction of isomerism road network system that consists of the G2 freeway and Beijing road 
network as an example. Due to the traffic flow during peak hours is more significant, and the paper takes every five 
minutes’ traffic flow from 7:00 to 9:30 as object of research. 
This paper selects multiple related sections for the research, and divides the network into 1, 2, , n sections. 
Then the paper takes the 1st section as a dependent variable, the 2nd, the 3rd, , the n-th section as independent 
variables. According to the process of dynamic correlation analysis and the dynamic correlation coefficient formula, 
the paper gets the result of the coefficient, in Table 1. 
Table 1. Dynamic correlation coefficient between the 1st and other section
Road section number 2 5 6 3 4 7 
Dynamic correlation coefficient 0.903 0.824 0.818 0.627 0.438 0.352 
 
According to the result of dynamic correlation coefficient, we can conclude that the dynamic correlation 
coefficient gradually reduces when the distance between the 1st section and other section increases. In order to 
reduce the forecasting error, the paper selects the coefficient value which is greater than 0.5, and we obtain 4 
sections, including the 2nd, the 3rd, the 5th, the 6th.Then the paper takes those sections’ traffic flow as input variables, 
and the 1st section traffic flow as output variable. Following, the paper uses the radial basis function neural network 
to process historical data which is every five minutes’ the traffic flow from 7:00-8:40, and gets the parameter. 
Finally, the paper uses the RBF neural network to forecast the 1st section’ traffic flow, and gets the relative errors. 
The results were shown in Fig. 2 and Fig. 3. 
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  
Fig. 2. Contrast of predicted and actual traffic volume        Fig. 3. Relative errors of traffic volume forecasting result 
 
From the Fig. 2 and Fig. 3, we could conclude that RBF neural network prediction model could forecast the 
short-term traffic flow, and the relative error was within the 15%. And the relative error is increasing if the 
expansion of the forecasting increased. 
5. Conclusions 
Currently, there are many kinds of short-term traffic flow forecasting methods, and those methods have an 
importance on traffic management and traffic control. In order to achieve implementation of reliable forecasting 
traffic result, the researches not only attach importance to innovation and prediction methods, but also focus on 
analysis of the main factors which affect the traffic flow forecasting. In this case, it is more significance to promote 
development of the traffic flow forecasting. Although the paper analyzes the dynamic correlation, calculates the 
dynamic correlation coefficient, and establishes RBF neural network model for prediction. This prediction method 
has a certain effect and is more accuracy, due to traffic flow has very typical nonlinear, high-dimensional and time-
varying characteristics, and the results have shortcomings. Therefore, in order to achieve effective short-term traffic 
flow forecasting in junction of isomerism road network system, the paper should research on traffic conversion 
characteristic, and other aspects in depth. 
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